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Abstract 
This paper models a LEED Silver institutional building and applies a model predictive control (MPC) strategy. The building is 
modelled using EnergyPlus, which is then compared to measured consumption data for model calibration. The calibrated model is 
then exercised with various control strategies to generate data used to create and train a statistical black box model. The black box 
model is then used as the base model for the model predictive controller, while EnergyPlus is used as a virtual building to determine 
savings. The resulting MPC strategy results are compared to the existing rule-based control applied to the building to highlight the 
energy savings. Initial results indicate a 10% HVAC energy reduction based 2013 climatic data for the site. While the energy 
reduction is small, it is achieved on a new LEED certified building and requires only software changes to the equipment. 
© 2015 The Authors. Published by Elsevier Ltd. 
Peer-review under responsibility of the CENTRO CONGRESSI INTERNAZIONALE SRL. 
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1. Introduction
The principal control objective of space conditioning systems in buildings is to maintain thermal comfort while
minimizing energy consumption and costs. Model predictive control (MPC) is a recent development for buildings and 
is a growing field of research (Wang & Ma [1] and Afram & Janabi-Sharifi [2]). 
MPC is a branch of control theory that utilizes a model of a system or process that is subject to constraints, and 
attempts to find an optimal solution based on current and forecast values. The optimal solution is typically found by 
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solving an objective function (typically a cost minimization), with constraints that limit the range of output control 
values. A prediction horizon is used, along with a specified timestep to allow the optimizer to look into the future and 
consider dynamic effects (e.g. climatic changes, thermal mass) so that an optimal solution is found over the entire 
forecast, not just the immediate timestep. There are many options for solving a cost function, where Wang & Ma [1] 
have provided a detailed review. Recent studies have shown savings ranging from 3% in Cole et al. [3] to 65% in 
Bengea et al. [4]. The savings are dependent on the quality of the base case for comparison, and the HVAC equipment 
being optimized. 
2. MPC Setup
It is necessary to decide several parameters for the MPC. The first factor is to determine what parameters the
objective function will try to optimize. For this study, the objective (or cost) function is to minimize energy use 
(electricity and thermal energy) while maintaining thermal comfort (building and zone air temperature) during the 
occupied period of 08:00 to 18:00 Monday to Friday. To do this, a reference value and weighting matrices were 
developed and shown as Eq. (1), where r is the reference (desired value), p is the predictions from the model, W the 
piece-wise weighting matrices, and E the error between predicted and desired values. The overall cost function is the 
error squared (to remove any negative terms) times the weighting matrices. The optimization goal is to minimize the 
value of the cost function, resulting in a goal of maintaining 23 °C during the occupied period while minimizing the 
energy consumed by the building. A generic MPC optimization explanation can be found in [5], where the basis for 
Eq. (1) is derived. Methods discussed by other authors in the field ([6],[7]) are not directly usable due to the black box 
nature of the system model. The optimization period is from 06:00 to 18:00 as the existing rule based control (RBC) 
initializes the building HVAC at 06:00 so that the building is at the desired temperature by the occupied time of 08:00 
under all cases, and then the equipment is setback at 18:00 to nighttime values.  
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With the optimization function determined, it is then necessary to provide the optimizer a selection of control 
objectives for which to evaluate the cost function. While many methods exist for optimization, a brute force method 
with a limited number of setpoint options is used in this study. As MPC relies on computing the cost for a forecast 
region, the number of calculations required to compute is a function of the number of options and the number of look 
ahead periods, and is outlined in Eq. (2). For this work, a 15 minute timestep with a 2 hour forecast horizon is used, 
accounting for 8 look ahead steps. For computational reasons, only 3 optimizer setpoints are currently used, leading 
to 6561 calculations per timestep. A copy of the setpoint options for the MPC optimizer is listed in Table 1, where a 
filter is applied based on outdoor air temperature from 06:00 to 08:00 (morning in Table 1) to determine if the building 
is in heating or cooling mode. The values are derived based on the building night setback temperatures (15 °C, 27 °C) 
and daytime temperature (23 °C). The fresh air ventilation system is not adjusted in this work as it is considered an 
indoor air quality requirement, not a thermal comfort variable. 
ܥ݈ܽܿݑ݈ܽݐ݅݋݊ݏ ൌ ͓ܱ݌ݐ݅݋݊ݏ͓௅௢௢௞஺௛௘௔ௗ  (2) 
Table 1 MPC optimizer options with temperature setpoints in °C 
Morning Heating Morning Cooling Daytime
Option Heating Cooling Heating Cooling Heating Cooling
1 15 27 15 27 22 23
2 23 27 15 23 22.5 23.5
3 23 23 23 23 23 24
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3. Model development 
In order to apply MPC to a building, a model of the building is first required. The work in this paper focuses on the 
Nova Scotia Community College (NSCC) campus building located in Dartmouth, Nova Scotia, Canada. The NSCC 
campus is an academic building servicing 2500 students and a certified LEED silver building. A detailed EnergyPlus 
model was developed from the as-built drawings, site surveys, and interviews with the building manager. The model 
was calibrated to measured 2013 electricity and thermal energy billing data using a site specific weather file purchased 
from Weather Analytics in accordance with ASHRAE Guideline 14-2002 [8]. The results of the calibration show a 
normalized mean bias error of -3% for thermal energy and -2% for electricity, with a coefficient of variance for root 
mean square error of 14% for thermal energy and 4% for electricity. The building consists of a fresh air ventilation 
supply loop set to distribute 18 °C air to the building, with a common loop heat pump system used to provide addition 
heating/cooling to the 32 building zones. Thermal energy provided by a neighboring hospital is used as the primary 
heat source. The common heat pump loop is connected to the thermal energy via thermal energy convertors, and 
connected to a cooling tower to provide cooling during summer months. The loop has a control setpoint of 32°C as to 
be allow some building heat pumps to be in heating mode (such as the north side) while others are in cooling operation 
(south side). 
While the calibrated EnergyPlus model provides accurate energy consumption and temperature feedback, it cannot 
be directly used in MPC. This is due to the fact that the MPC wants to evaluate several options for the same timestep, 
and to travel down various control paths to find the optimal solution, while EnergyPlus struggles to process the 
numerous possibilities in a reasonable time frame. To overcome this, a statistical based model was developed. The 
EnergyPlus model was exercised for various control strategies that the MPC optimizer could chose to create enough 
data covering potential operating for statistical model development. A random forest linear regression tree model [9] 
was chosen and created using the data generated from EnergyPlus. The model takes in climate, temperature setpoints, 
current building temperature, forecast conditions, and future setpoints to produce estimates of future electricity 
consumption, future thermal energy consumption, and future building temperature. The model is approximately 2 
gigabytes in size with execution time in the order of 100 milliseconds. The statistical model is then used within the 
MPC, while the calibrated EnergyPlus model is used as a virtual building for testing and analysis.   
4. Simulation set-up 
In order to perform the MPC, a co-simulation approach is necessary. To perform the co-simulation, the software 
package Building Controls Virtual Test Bed (BCVTB) [10] was implemented as it allows users to couple advanced 
building simulators (such as EnergyPlus) to control based software (such Matlab). BCVTB is used to couple 
EnergyPlus to the statistical software package R in which the MPC optimizer and statistical model are coded. An 
example of the information flow and overall process is illustrated in Fig. 1. 
 
 
Fig. 1 Co-simulation process 
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5. Simulation results 
Two sets of simulations were conducted: one for the existing RBC being used at the site, and a second implementing 
the MPC strategy. Both simulations were run for the 2013 climatic year. For the MPC case, the environmental forecast 
predictions were based off of a single point persistence, where the current value is assumed to remain constant over 
the forecast horizon of 2 hours. Shown in Fig. 2 are the monthly energy consumptions, with the MPC scenario reducing 
energy consumption by 11% for HVAC electricity, 7% for thermal energy and 10% overall HVAC energy reduction 
on an annual basis. The seasonal transition months of April and November experience the largest energy savings. The 
HVAC electricity savings are nearly constant from month to month, while the thermal energy savings fluctuate from 
month to month, with a peak savings of 20% (April) and the worst month showing increase of 7% (July).  
 
The energy savings are achieved by optimizing the start time of the zone level HVAC equipment so that the building 
achieves the desired temperature of 23 °C by 08:00. For many cases, the RBC case with a start time of 06:00 has the 
building at temperature prior to 08:00, and thus uses excess energy to maintain the temperature compared to MPC 
choosing to delay the start time. The delay in start time allows for natural energy sources such as rising temperatures, 
solar radiation, and occupant loads to provide space conditioning energy. The MPC also saves electrical energy by 
implementing a 1 °C deadband between heating and cooling that allows the building thermal dynamics to help 
maintain temperature as opposed to constant zone level HVAC equipment use. However, this deadband adds to the 
thermal energy use as some zones that would be cooled and return energy to the heat pump loop are no longer being 
actively cooled, thus the increase in thermal energy use in months such as July. 
 
Fig. 2 Monthly HVAC energy usage 
Fig. 3 and Fig. 4 illustrate a sample winter and summer day respectively, with stacked plots of building 
temperatures, HVAC power, and corresponding environmental conditions. In the winter case, the optimizer decides 
to maintain the building at the overnight setpoints until just prior to the occupied period of 08:00 where combined 
with the sharp increase in solar energy the building reaches temperature by 08:15, the same time as the RBC case. An 
interesting phenomena occurs during the day with the thermal energy consumption, where the MPC case uses more 
than the RBC case. This occurs because in the RBC scenario with a stringent temperature of 23 °C, some regions of 
the building go into cooling mode and add energy to the heat pump loop, while in MPC they are allowed to float up 
to a peak of 24 °C. Extra thermal energy is then needed to make up the difference in energy difference in the heat 
pump loop. Similar to the winter day, the optimizer lets the building float for the majority of the morning period during 
the summer, with a short bit of cooling provided to ensure the temperature can be achieved by 08:00. The optimizer 
chooses to maintain the building at 23.5 °C during the majority of the day as the energy to maintain 23 °C outweighed 
the value placed on maintaining 23 °C in the optimizer cost function, and also explains the variations in temperature 
late in the afternoon. The temperature differential explains the lower HVAC electricity use as less energy is required. 
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
0
50000
100000
150000
200000
250000
300000
350000
En
er
gy
 (k
W
h)
RBC HVAC Electricity RBC Steam MPC HVAC Electricity MPC Steam
 Trent Hilliard et al. /  Energy Procedia  78 ( 2015 )  1817 – 1822 1821
6. Conclusions and recommendations 
As shown, the implementation of a MPC strategy to the LEED silver certified NSCC campus can provide a 10% 
HVAC energy reduction compared to the current RBC scenario. While some of the savings are generated at the 
expense of thermal comfort during the summer months (23.5 °C vs 23 °C) based on the optimizer prioritization, the 
results are promising as a very simple optimization algorithm has been employed. By expanding the number of options 
for the optimizer and further refinement of the cost function (including parameter weighting), further savings and 
improved thermal comfort should be realized. The basic framework presented can be modified to allow for features 
such as time of day fuel pricing, minimization of demand peaks, and various thermal comfort models. The work also 
validates the use of a statistical model based on detailed model output within the MPC framework as opposed to a 
detailed energy model. Future work is to repeat the methodology on a new building to verify the transferability of the 
technology, incorporate advanced weather forecasts, and to validate the results via experiments using a real building 
as opposed to strictly simulation. 
Acknowledgements 
The authors gratefully acknowledge the assistance and support provided by Green Power Labs Inc. throughout this 
research. In addition, the authors appreciate major funding support provided by the Atlantic Canadian Opportunities 
Agency supporting innovative economic growth in Canada’s Atlantic Provinces.  Additional funding was provided 
by MITACS.  
 
References 
[1] Wang, S., & Ma, Z. Supervisory and optimal control of building HVAC systems: A review. HVAC and R Research, 2008;14(1): 3-32.  
[2] Afram, A., & Janabi-Sharifi, F. (2014). Theory and applications of HVAC control systems - A review of model predictive control (MPC). 
Building and Environment, 2014; 72, 343-355.  
[3] Cole, W. J., Hale, E. T., & Edgar, T. F. Building energy model reduction for model predictive control using OpenStudio. Paper presented at 
the 2013 1st American Control Conference, ACC 2013, June 17, 2013 - June 19, pp. 449-454 
[4] Bengea, S. C., Kelman, A. D., Borrelli, F., Taylor, R., & Narayanan, S. Implementation of model predictive control for an HVAC system in a 
mid-size commercial building. HVAC and R Research, 2014;20(1), 121-135. 
[5] Mathworks (2014). Optimization Problem.  http://www.mathworks.com/help/mpc/ug/optimization-problem.html#bujxvp9-9 
[6] Siroky, J., Oldewurtel, F., Cigler, J., & Privara, S. (2011). Experimental analysis of model predictive control for an energy efficient building 
heating system. Applied Energy, 88(9), 3079-3087. doi:10.1016/j.apenergy.2011.03.009  
[7] May-Ostendorp, P., Henze, G. P., Corbin, C. D., Rajagopalan, B., & Felsmann, C. (2011). Model-predictive control of mixed-mode buildings 
with rule extraction. Building and Environment, 46(2), 428-437. doi:10.1016/j.buildenv.2010.08.004  
[8] ASHRAE Guideline 14-2002 – Measurement of Energy and Demand Savings, ASHRAE 
[9] Breiman, L., & Cutler A. (2014) Breiman and Cutler's random forests for classification and regression. CRAN. http://cran.r-
project.org/web/packages/randomForest/randomForest.pdf 
[10] Building Controls Virtual Test Bed. (2014) https://simulationresearch.lbl.gov/bcvtb 
  
1822   Trent Hilliard et al. /  Energy Procedia  78 ( 2015 )  1817 – 1822 
 Fi
g.
 3
 S
am
pl
e 
w
in
te
r 
da
y 
  
 Fi
g.
 4
 S
am
pl
e 
su
m
m
er
 d
ay
 
 
